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Foreground extraction based on the brightness perception
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(1. College of Electronic Information, Sichuan University, Chengdu 610065, China;
2. College of Computer Science, Sichuan University, Chengdu 610065, China)

Abstract: Foreground extraction is to separate the objects of interest based on the whole image cogni-
tion. In this paper, a foreground extraction model based on brightness perception is proposed by combi-
ning the visual brightness perception and level set method. Based on the brightness’ visual correlation of
pixel pairs, combining the similarity within the visual region and the difference among regions, the
brightness perception energy functional is designed. The visual region is obtained by optimizing the en-
ergy function using Rayleigh entropy, and the initial curve evolves to the foreground contour by using
the characteristics of the visual region. Compared with the traditional algorithm, the proposed model u-
ses the image visual features to extract the foreground from the overall cognition of the image and im-
proves the foreground extraction quality of the level set method.
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different parameters
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Tab. 2 Assessment scores for foreground extraction of natural scene images with different algorithms

(=R/R LD (a) (b) © (d) (e) H
HERfR P 0.977 3 0.979 3 0.969 9 0.9717 0.968 5 0. 809 6
‘ Al R 0.998 3 0.826 7 0.987 9 0.982 4 0.9511 0. 705 3
AR .
F-ym g 0.987 7 0. 896 6 0.978 8 0.977 0 0.959 7 0.753 9
10U 0.975 6 0.812 5 0.958 5 0.955 1 0.9226 0. 6250
W% P 0.945 5 0.764 6 0.964 3 0.967 9 0.951 6 0.892 0
. A EZ R 0.999 3 0.924 8 0.8630 0.874 4 0. 858 0 0.417 6
IKSEAE
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HEWR P 0.970 2 0. 900 2 0.957 7 0.945 6 0.947 3 0.719 9
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EANES | . _
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WeHf % P 0.984 0 0.983 1 0.999 4 0.999 8 0.997 3 0.742 8
A% R 0.998 1 0.9355 0.753 6 0.407 3 0.920 1 0.784 1
deep Grabcut .
F-i s 0.991 0 0.958 7 0.859 2 0.578 7 0.957 2 0.762 9
10U 0.9822 0.920 6 0.753 2 0.407 2 0.917 9 0. 606 6
HERf R P 0.938 3 0.952 9 0.961 4 0.978 2 0.957 0 0.845 8
A= R 0.999 8 0.925 0 0.994 0 0.942 5 0.955 2 0.810 6
FCA-Net
F-ym g 0.968 0 0.938 8 0.977 4 0. 960 0 0.956 1 0.8279
I0U 0.938 1 0.884 6 0.9559 0.923 1 0.922 0 0.706 3
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